Abstract-Gender classification method based on Gait Energy Motion: GEM derived through wavelet analysis of human gait moving pictures is proposed. Through experiments with human gait moving pictures, it is found that the extracted features of wavelet coefficients using silhouettes images are useful for improvement of gender classification accuracy. Also, it is found that the proposed gender classification method shows the best classification performance, 97.63% of correct classification ratio.
I. Introduction
In decades, there has been increased awareness on effectively identifying individuals for prevention of terrorist attacks. Many biometric technologies have emerged for identifying and verifying individuals by analyzing face, iris, gait, fingerprint, palm print, or a combination of these traits [1] .
Human Gait classification / recognition giving some advantage compared to other recognition system. Gait recognition system does not require observed subject's attention and cooperation. It can also capture gait at a far distance without requiring physical information from subjects [3] [4] [5] .
Human Gait Recognition as a recognition system divided to three main subjects; image preprocessing, feature reduction and extraction system, and classification.
There are two pre-processing methods, model-based and model-free methods. Model-based approach obtains a set of static or dynamic body parameters based on human body model. It tracks motions of body components such as head, legs, hip, and other thighs. Gait signatures derived from these design parameters employed for identification and recognition of subject. These benefits are significant for practical implementation because it is unlikely that reference sequences and test sequences using the same viewpoint. Model-free based approaches focus on the silhouettes image sequences or the whole of human bodies' motion. Model-free methods are not too sensitive to the quality of silhouettes. One of the benefits of the model-free method is processing time. It requires relatively small computer resources in comparison to the model-based approaches. It, however, does not robust to viewpoints and scale [3] . This paper proposes a method for gender classification based on model-free method with wavelet coefficients derived from gait energy motion derived from silhouette images extracted from time series of gait motion of moving pictures. The following section describes the proposed method followed by some experimental results with CASIA data of Chinese Academy of Science. Then conclusion is described together with some discussions.
II. Proposed Method

Preprocessing
Model-free methods focus on shapes of silhouettes and/or the entire movement of physical bodies. Therefore, model-free approach are not sensitive to the quality of extracted silhouettes usually. Some of the researchers eliminate the view and scale dependent disadvantage by using multi-view cameras [25] [26] . Another disadvantage of the model-free based approach is that it requires relatively large computer resources.
Video files format is providing gait data. Resolution and frame rate are important parameters for data amount [2] . We will create model-free method and model-based method and compare between both. Through a comparison between both, the most appropriate method for gait recognition or classification is determined. Both model-free and model-based image representation using silhouettes as their preprocessing system. Fig.1 shows a schematic diagram for silhouettes creation from the acquired video data of human gait. It assumes that (1) there is no hole inside of the silhouette, and (2) there is no shadow. First, using background subtraction image for getting the silhouette images which then creating binarization with the color components of Red and Green normalized by summation of all the color components of RGB images. Binarization is then applied to the resultant images based on Otsu's threshold process. Secondly, background subtraction image is used for removing shadows which are extracted a color component analysis of the pixel in concern through a binarization with threshold obtained from Otsu's method. 
Model Based
After we get the silhouettes, we create the skeleton using some morphological methods in image processing. The morphological method used such as dilation, erosion, and thinning. The dilation is used three times for structuring one's element. Meanwhile, the erosion is used six times for structuring one's element. The thinning algorithm is as follows : 1) Divide the image into two different subfields in a checkerboard pattern.
2) In the first sub iteration, remove pixel p from the first subfield if the conditions G1, G2, and G3 are all fulfilled.
3) In the second sub iteration, remove pixel p from the second subfield if all the conditions are fulfilled.
The skeleton created is fixed and reconstructed for better skeleton representation. For the fixing and the reconstructing the skeleton, we have to measure human body size average and determine the position of a major point needed for reconstruction. This major point used such as head point, neck point, hip point, both knee point, and both ankle point. Proportional average size of the human body which is measured by Wilfrid Dempster et al. [6] is referred. As shown in Fig.3 , we can conclude that the hip is in the middle of the human body. The length of the hip -knee about 25% length of total human body height. The length of the knee -ankle about 27% length of total human body height. The length of hip -neck is 32% length of total human body height. The length of the neck -top of the head about 15% length of total human body height.
The procedure is as follows: Read an image, Create the silhouettes, Create the skeleton, Determine the body height, Determine the hip point (middle of the height), Determine the neck point using hip point as a reference, Determine the top of the head point using neck as a reference, Determine the knee point using hip point as a reference, Determine the ankle point using knee point as a reference, Connect one point to another using one pixel line. 
Model-Free Based
The model-free based method uses the motion parameter per frame. We can get the motion by using background subtraction from silhouette. The motion is gotten by video sequence and frame. Fig.5(a) is the example image of the human motion body per frame. 
Discrete Wavelet Transform
Discrete wavelet transform: DWT represents an image as a subset of wavelet functions using different locations and scales [7] , [8] . There are so many experiments conducted by researchers using 2D DWT such as for image compression and digital watermarking [12] , [13] , [15] . There is also some researchers that use 2D DWT for feature dimensional reduction and feature extraction [10] . 2D DWT works by making some decomposition images. The decomposition of an image into wavelet involves a pair of waveforms: the high frequencies corresponding to the detailed parts of an image and the low frequencies corresponding to the smooth parts of an image. Discrete Wavelet Transform for an image as a 2D signal derived from a 1D DWT. An image can be decomposed into four images through a 1-level 2D DWT as shown in Fig.6 according to the characteristic of the DW decomposition. These four sub-band images in Fig.6 can be mapped into four sub-band elements representing LL (Approximation), HL (Vertical), LH (Horizontal), and HH (Diagonal) respectively. The approximation and detail coefficients can be expressed as follows,
Wavelets from different families can be constructed by choosing the mother wavelet φ(t) and scaling function θ(t) [7] . We will use the Haar which is identical to Daubechies base function of 1 of a wavelet and in level-1 decomposition. To draw easier the characteristics of the wavelet coefficients, we use the energy of each coefficient, and then create the 2D scatter graph for every combination of the coefficients. Below are the formulas of energy coefficients in a frame sequence (video):
Then we do an energy normalization using the formula below,
Percentage ratio of total energy is expressed as follows,
1) Then normalization is applied to the energy data using simple normalization technique.
2) Using all those formula, we work on some different procedures for preprocessing data:
3) Apply the wavelet transform to the individual skeleton frame, calculate the means of all the energy from one video (using the Fig.5c preprocessing data) . It is a high-cost computation.
4) Apply the wavelet transform to the skeleton frame sequence, (using Fig.5d preprocessing data) . It is a high-cost computation.
5) Apply the wavelet transform to a single motion frame, averaging all the energy from one video (using Fig.6a preprocessing data). It is a low-cost computation.
6) Apply the wavelet transform to the motion frame sequence, averaging all the energy from one video (using Fig.6b preprocessing data) . It is a low-cost computation.
III. Experimental Results
Data Used
There are some gait datasets used widely by researchers today. Some research group had created human gait datasets for the last one decade. Some of the widely used datasets are the University of South measurement dataset) [9] . As a beginning, we use the B class dataset in 90 degrees point of view. This paper also reviews the database using 2D DWT for the feature reduction and extraction. Fig.7 shows two examples of CASIA B class Human Gait Dataset male and female. In the other energy combination, there are found intersection data. This figure implies that an eHeV is the best energy combination compare to other. Fig.9 shows all possible energy combination per sequence with 2 persons. It will be easier to do the classification, except on eHeD combination energy. It will be difficult if we add some data as shown in Fig.10 . In Fig.10 , we add the data 2 more persons, so the total data is 4 persons. This figure shows that there is no possible energy combination used for classification. Fig.11 shows that the result is better than the result in Fig.7 for two persons. All the combination energy looks possible to make the classification, but the best for all is the energy combination of eHeD. As shown in Fig.12 , the best energy combination is eHeD if we use 4 person data. Fig.13 , by using 4 person data, we can see that the best energy combination is eHeV. The result of eHeV (in Fig.13 ) is even better than the eHeD (in Fig.12 ).
Determination of Wavelet Coefficients used
From these figures, it is shown that the best combination energy from wavelet is Horizontal and Vertical Coefficients. 
Classification Performance Comparison
This paper will extract motion feature from all the frames using Gait Energy Motion (GEM) [27] .
Evaluated gender classification performance with CASIA data is well reported as shown in Table 1 
Effectiveness of Features
As shown in Fig.13 , it is found that the extracted Gait Energy Motion: GEM is concentrated at upper left leg followed by tip of a head. These features are different between male and female. Therefore, GEM is useful for gender classification.
Also, it is found that the GEM difference between male and female is concentrated at the left foot followed by hip and right hand from Fig.14 which shows F value of the extracted GEM. F value is defined as follows,
where x denotes extracted feature, wavelet coefficients of GEM. Therefore, F value is corresponding to effectiveness of the features. Large F value implies high classification performance.
It is found that the human gait difference between male and female is situated at left foot, hip and right hand. Therefore, gender classification performance is improved if these features are used for classification. Wavelet coefficients reflect these features which results in improvement of gender classification performance accordingly. 
IV. Conclusion
Through experiments with CASIA gait data based on the proposed gender classification method with 2D DWT, Haar Wavelet and 1 level decomposition, it is concluded as follows,
1) The best preprocessing data is a motion in frame sequence, 2) Best combination of the parameters for classification is Horizontal Detail and Vertical Detail,
3) It needs a number of energy and decomposition to create a human gait classification. 
